We study the shape of eight dynamically relaxed galaxy clusters observed with the Hubble Space Telescope and Chandra X-Ray Observatory. Using strong and weak gravitational lensing, the shape of the Brightest Cluster Galaxy and the X-ray isophote we study the ellipticity of the cluster halo at four different radii. We find that the proxies probing the inner regions of the cluster are strongly coupled with the BCG shape correlated with both the shape predicted by strong gravitational lensing and the X-ray isophote. Conversely we find no such correlation between the shape as predicted by the weak lensing and the other three probes suggesting any coupling between the inner and outer regions is weak. We also present in this paper the public release of the HST weak lensing shape measurement code pyRRG, directly available from PyPi (https://pypi.org/project/pyRRG/). This python3.7 code, based on Rhodes et al. (2000) adopts an automated star-galaxy classifier based on a Random Forest and outputs scientifically useful products such as weak lensing catalogues suitable for the mass mapping algorithm Lenstool.
INTRODUCTION
The ΛCDM concordant model of cosmology assumes that we are living in a Universe dominated by an unknown dark energy, accelerating the expansion of space-time. This Universe is permeated by a dominant gravitating mass that we do not understand, dark matter, whilst all observable particles part of the standard model of particle physics makes up only ∼ 4% of the energy density of the Universe (Planck Collaboration 2013; Kilbinger et al. 2013; Parkinson et al. 2012; Abbott et al. 2018; Hildebrandt et al. 2017) . This relatively simple model of our Universe means we can describe the evolution of structure extremely well, with simulations matching observations down to ∼ 1Mpc/h (Vogelsberger et al. 2014; Springel et al. 2001; Sánchez et al. 2012; McCarthy et al. 2017; Schaye et al. 2015; Nelson et al. 2018) . The evolution of structure in this model is hierarchical, forming the smallest structures first, and mapping out e-mail: harvey@lorentz.leidenuniv.nl a web like structure. At the nodes of this web are galaxy clusters.
Galaxy clusters are the largest known structures in the Universe. They are dominated by dark matter, harbouring a halo of hot X-ray gas and in some cases thousands of galaxies (e.g Smith et al. 2005; Postman et al. 2012; Lotz et al. 2017) . As extreme peaks in the density field, clusters of galaxies are ideal laboratories to study dark matter (e.g. Harvey et al. 2017b,a; Schwinn et al. 2017 Schwinn et al. , 2018 Kahlhoefer et al. 2014; Robertson et al. 2019 ) and constrain cosmology (e.g. Kratochvil et al. 2010; Marian et al. 2011; Cardone et al. 2013) .
The mass of a cluster of galaxy can exceed 10 15 solar masses (e.g. Jauzac et al. 2015a Jauzac et al. , 2018 . In these environments space-time is heavily deformed, bending any geodesics that happen to pass. As such any galaxy that happens to be align itself behind the cluster with respect to our line-ofsight, will have its observed image distorted and in extreme cases stretched into arcs and split into multiple images. Modelling strong gravitational lensing has become common place when measuring the mass distribution in clusters of galax-ies (e.g Zitrin et al. 2015; Merten et al. 2015; Jauzac et al. 2016b) , particularly in the core where it has a direct measure of the amount of mass. However, strong lensing has its limitations, with the constraints limited to the very core of the cluster, as such there is no information on substructures and mass in the outer regions of the cluster. Weak gravitational lensing, where the effect of the cluster must be measured statistically, grants access to this missing information (e.g. Ragozzine et al. 2012; von der Linden et al. 2012) . It is now normal to combine both weak and strong gravitational lensing to get a full picture of the cluster (e.g. Zitrin et al. 2015; Merten et al. 2015; Cacciato et al. 2006; Diego et al. 2007; Merten et al. 2009 ). For a full review of mass mapping in clusters of galaxies see Kneib & Natarajan (2011) .
The exact form of galaxy clusters is still debated however it is generally accepted that they are triaxial in their shape. For a full review see Limousin et al. (2013) . Sereno et al. (2006) carried out a study using 25 X-ray clusters, attempting to assess the population of prolate and oblate clusters. They found that ∼ 70% preferred to be prolate, however did not study the connection with other probes of the cluster environment. Oguri et al. (2010) studied the lensing properties of 25 clusters of galaxies, finding that the average ellipticity, = 0.46 ± 0.04. They interestingly found no correlation between the lensing ellipticity and the ellipticity of the member galaxies. Moreover, they found no correlation between the position angle of the lensing signal and the cluster members, suggesting no connection. More recently, Donahue et al. (2016) carried out a study where they identified the connection between the X-ray emission, the Brightest Cluster Galaxy (BCG) and the lensing (strong and weak combined). They found that there was a strong correlation between the position angle of the cluster at large radial distances (r ∼ 500kpc), and the BCG and the inner 10kpc, citing a coupling between the cluster and galactic star-formation properties. Finally a recent study of twenty relaxed and dynamically merging clusters looked at the misalignment of morphologies between the weak lensing and four probes, the Sunyaev-Zel'dovich effect, the X-ray morphology, the strong lensing morphologies and the brightest cluster galaxy (BCG, Umetsu et al. 2018) .
In this paper we explicitly study the ellipticity of relaxed clusters from four separate probes; the BCG, the X-ray isophote, the strong lensing and the weak lensing. By considering each one an independent measure (including weak and strong), we can measure the connection between different regions of the cluster since each probe has a different radial dependence whilst mitigating any impact by merging structures. Moreover we present in this paper for the first time a public shape measurement code designed specifically for Hubble Space Telescope (HST). In section 2 we outline the basic gravitational lensing theory, in section 3 we outline the data used and reduction process, in Section 4 we outline the shape measurement code pyRRG, then in section 5 we outline our mass mapping technique, in section 6 we show our results and then in section 7 we conclude.
GRAVITATIONAL LENSING
Given the majority of the paper concentrates on the weak lensing of galaxy clusters, in this section we briefly outline its theoretical basics. For a review please see Bartelmann & Schneider (2001) , Massey et al. (2010) , Hoekstra & Jain (2008) and Refregier (2003) . For a review on strong and weak gravitational lensing please see (Bartelmann 2010) .
Gravitational lensing is simply a distortion of a background source at a position, β by foreground matter, inducing a shift ofα to the observed position θ, i.e.
where we have introduced the reduced deflection angle, α. This deflection angle is related to the potential causing the deflection, which is the projected three dimensional Newtonian potential, Φ,
where
From this we can derive the distortion matrix by examining how a change in the source position effects the change in the image position, i.e. ∂θ/∂β, also known as the lensing Jacobian,
where we have denoted the second derivative of Ψ by the subscript, i and j. The second derivative of the lensing potential gives the two observables, the convergence, which is the trace of A,
and corresponds to a scalar increase or decrease in the size of a distorted background source and the shear, γ is a two component vector field given by, γ1 = 1 2 (Ψ11 − Ψ22) and γ2 = Ψ12 = Ψ21,
corresponding to a stretch along the x-axis for γ1 and 45 • for γ2. We now have a relation between the observable distortion and the lensing potential. Here we limit the expansion of the Jacobian to first order, and hence assume a weak lensing limit. Indeed the shear and convergence are coupled and one cannot be observed without the other, this is known as the reduced shear,
3 DATA
We use HST data for both the strong and weak lensing analysis, and Chandra X-Ray Observatory data (CXO) for the X-ray analysis. We use the sample of galaxy clusters from Harvey et al. (2017a) . This sample consists of 10 strong lensing clusters from the Local Cluster Substructure Survey (Richard et al. 2010, LoCuSS) and the Cluster Lensing And Supernova survey with Hubble (CLASH) (Postman et al. 2012) . We select clusters that have at least 10 multiple images. We place this requirement in order to ensure sufficient constraints to measure the lensing parameters that govern the inner region of the cluster. Furthermore, these ten galaxy Figure 1 . An overview of the pyRRG algorithm. It requires the input science image and associated weight file from the data reduction pipeline, plus all the associated exposures. From this it chooses the 'best' PSF from the TinyTim models and combines them to produce a PSF at the position of each galaxy in the catalogue. It then corrects the galaxies, calculate the shears and outputs a science catalogue. It then carries out post-processing procedures to create a final 'clean' catalogue.
clusters are required to be relaxed, with no signature of dynamical disturbance. We quantify this by measuring their X-ray isophotal concentration, S = Γ 100kpc /Γ 400kpc , where Γ is the integrated X-ray flux within a given radius. We apply a strict criteria that the cluster must have S > 0.2 (Rasia et al. 2013 ). Finally of the ten clusters Abell1413 does not have sufficient optical imaging in the Advanced Camera for Surveys on HST for the weak lensing and AS1063 catalogue is currently in process from the BUFFALO survey (GO-15117) and therefore will not be ready for another year. As such we have a final sample of eight galaxy clusters.
Strong Lensing Image Selection
For the strong lensing measurement, we adopt the published catalogues of confirmed images, selecting those images from Zitrin et al. (2015), Richard et al. (2010) and Limousin et al. (2008) . In order to select cluster members we adopt the catalogues from Zitrin et al. (2015), Richard et al. (2010) and Limousin et al. (2008) , who had identified the red sequence in order to classify the cluster members. In order to derive the luminosities of the cluster members we match the catalogues with the photometric catalogues from Jouvel et al. (2013) , plus any multiple image that does not have a spectroscopic redshift we use the same catalogue as a Gaussian prior with the one-sigma error as the width of the prior.
Weak lensing data reduction
We obtained raw images of each cluster with the associated reference files and re-analyse the data. We first treat each individual exposure for charge transfer inefficiency (CTI). Radiation damage from cosmic rays on the detector induces charge 'traps' in the CCD. During read-out the trapped charge is re-released intermittently causing charge to erroneously appear along the read-out axis of the CCD. As a result we model this and post-process the image in order to redistribute the charge and remove CTI 'trails' (Massey 2010; Massey et al. 2014; Anderson & Bedin 2010) .
Following this we used publicly available codes to recalibrate the raw images, CALACS 1 , and then co-add the individual exposures, accounting for deformations induced by the telescope using the Astrodrizzle package (Koekemoer et al. 2003) . During the drizzling process we use a square kernel, a pixfrac value of 0.8, and a final pixel scale of 0.03"/pixel as recommended by Rhodes et al. (2007) . For those exposures that are misaligned and taken at different epochs, we use SExtractor to extract sources from the image and then the Tweakreg algorithm to re-align to a common reference frame. We also use Astrodrizzle on individual exposures to produce deformation free images required by the shape measurement process, pyRRG.
CXO data reduction
We re-process the raw Chandra data using the publicly available CIAO tools 2 as in . We extract a region of interest and combine the exposures using the merge obs script, which produces an estimate of the spatial varying PSF. We pass over a filter to remove all point sources and smooth using Wavdetect 3 . To extract shapes estimates, we then use SExtractor.
SHAPE MEASUREMENT: PYRRG
The weak lensing shape measurement consists of six key sections. An overview of the pyRRG algorithm can be found in Figure 1 . pyRRG employs the 'hot and cold' method that was originally developed in Leauthaud et al. (2007) to extract sources from the image and then extended to studies used in Jauzac et al. (2018 Jauzac et al. ( , 2016b Jauzac et al. ( , 2012 Jauzac et al. ( , 2015b and Harvey & Courbin (2015) . Using the open source program SExtractor (Bertin & Arnouts 1996) pyRRG carries out two scans of the image. The first, 'hot' scan, uses a smaller minimum number of pixels to count as a source, thus finding smaller objects. The second, 'cold' scan, uses a larger number of pixels to classify a source. We then use the publicly available Stilts 4 software to combine the two catalogues in to one final catalogue.
Moment measurement
Following the source detection, pyRRG measures the weighted multipole moments of each object in order to characterise the shape. For a full description please see Rhodes et al. (2000) , however here we outline the basics. We define the zeroth order multiple moment of a two-dimensional image in θ, with an intensity distribution i,
then the quadruple normalised, weighted moment is,
followed by the second order,
where the weight is simply a Gaussian. From this we can define the two components of ellipticity, 1 and 2, as
and the size of the object, d, is given by the combination of the quadrupole moments,
Star -Galaxy Classification: Random Forest
Following the measurement of the normalised image moments, we classify objects in to three distinct categories, stars (both saturated and not), galaxies and noise. Given that it is a simple classifying problem, we adopt a Random Forest to automatically classify this. A Random Forest is a supervised machine learning tool that generates an ensemble of decision trees that are then trained on known data to produce predictions for unknown data. It generates a single tree by randomly subsampling the data and carrying out simple regression to create an estimator for the subsample of data. It then re-samples randomly with replacement to generate another tree. Given that each tree is a poor unbiased estimator of the truth, the aggregated estimator should be the correct one. The number of trees defines how good the overall estimator is, but also how long it takes to train and how large the classifier is.
We generate a range of data to train the Random Forest. We use data from HST including a sample of 21 SLACS galaxies, 29 galaxy clusters, all at a range of depths. This way we try to span the entire range of parameter space including, object magnitudes, environment, and signal to noise. We generate the ground truth by manually classifying stars and galaxies from their magnitudes, µmax, and size Results of the automated star-galaxy classifier. We use a Random Forest trained on data from the HST to predict the classification of each object. The main panel shows the relative importance of each feature in the classifier, the inset shows the results of classifying objects for the object HST field with GAL-0364-52000-084. We find that the Random Forest has a 93% rate of correctly classifying stars, 99% rate of classifying galaxies and 83% of characterising noise (including saturated stars).
for individual exposures. We then aggregate this data and parse through the Random Forest all information regarding these objects including the object magnitude, the size of the object, the brightest pixel in the object (µmax), the second and fourth order moments, the uncorrected ellipticities, the median sky background and the variance around this, and finally the exposure time of the image. The main panel of Figure 2 shows the relative importance of each feature in the classifier. The inset shows the result on a blind test galaxy, GAL-0364-52000-084. We find that the Random Forest has a 93% rate of correctly classifying stars, 99% rate of classifying galaxies and 83% of characterising noise (including saturated stars) 5 .
Point Spread Function Measurement
Having classified the stars, pyRRG then estimates the impact of the telescope on the image, i.e. the Point Spread Function (PSF). HST warms up and cools down due to the heating of the Sun and therefore the focus of the telescope changes over time. We therefore estimate the impact of this by (i) Taking the known positions of stars from the drizzled science image and finding the corresponding position in the individual exposures that make up that image.
(ii) Measuring the second and fourth order moments of the stars in each of the individual exposures (iii) Having measured the moments, we compare to the various Tiny Tim models of the PSF (Krist et al. 2011) . We then interpolate this model to the known positions of the galaxies.
(iv) Combining the PSFs from each individual exposure at the position of the galaxy by rotating each PSF moment through an angle φ to the same reference frame as the drizzled science image in order to find the new rotated moment, J , (Teague 1980) ,
and then summing the moments for a given position of the galaxy to acquire the final PSF.
Shear estimation
Following the estimation of the PSF we then correct the galaxy moments and calculate the shear. As shown in Rhodes et al. (2000) , the final estimated shear is given by
with
and the two components of the spinor, µ,
where w is the size of the weight function w(θ) in equation (8). From this we have a final estimator of the shear, γ.
Catalogue cleaning & masking
Having measured the shear we go through a series of cleaning operations including,
• Automatic Masking: Using the known position of stars and saturated stars, we generate polygons that have the same size as stars and mask any object that lies within these polygons,
• Removal of double detections: We remove double detections whereby removing objects that lie within the isophote of a larger object.
• Creation of a Lenstool catalogue: Creates a catalogue to be parsed in to the mass mapping algorithm lenstool (see Section 5).
Finally we match the catalogues with the CLASH catalogues, which have accurate photometric redshifts (Jouvel et al. 2013 ) and remove all galaxies that lie z < z cluster * 1.1. This way we ensure we have no contamination, and if we remove galaxies that were very close to the cluster but still behind, their lensing signal would be very small and therefore have negligible effect on the final results. We then extract all galaxies up to 10% beyond the strong lensing region to ensure we are not including arcs and flexed galaxies (where we define the boundary of the strong lensing region as the radius of the outermost strong lensing image).
MASS MAPPING
We use the publicly available Lenstool software which is a mass modelling algorithm that fits realistic parametric models to both strong and weak lensing observables to constrain the properties of the lensing potential (Jullo et al. 2007 ). It has become commonplace to use Lenstool for combined strong and weak lensing analyses (e.g. Jauzac et al. 2016b ), however here we want to analyse the difference in ellipticity between the core and the outer regions of the cluster. In this way we treat the strong and weak lensing reconstructions completely independently.
Strong lensing mass mapping
We follow the same procedure as used in Harvey et al. (2017a) whereby we choose to model the global dark matter halo with a Navarro, Frenk and White profile (Navarro et al. 1997) and model each member galaxy as a Pseudo Isothermal Elliptical Mass Distribution (PIEMD),
and
where xNFW = r/rs, where rs = rvir/cvir, xcore = r/rcore, xcut = r/rcut. We also assume that the member galaxies fall on the fundamental plane following a consistent mass to light ratio in order to reduce the parameter space such that for the ith cluster member,
and that the velocity dispersion of the galaxy is
As is common amongst strong lensing reconstructions we assume r core = 0.15kpc and we have a tight Gaussian prior of σ = 158±26km/s and r cut = 45±1kpc. Following this we have 6 free NFW parameters from the main halo, and then two free parameters for the galaxy members. In rare cases we model individual galaxies as this has shown to potentially bias mass reconstructions (Harvey et al. 2016) .
Weak lensing mass mapping
We carry out two different weak lensing reconstructions, the first is with the full catalogue and the second is with the strong lensing regime removed (see Section 4.6). We once again use Lenstool, which estimates the weak lensing parameters by first projecting the observed ellipticities in the image plane to the source plane and then compares the subsequent source plane ellipticities with that expected from a 0.07 0.00 0.07 a1835 0.07 0.00 0.07 a2261 0.07 0.00 0.07 a383 0.07 0.00 0.07 macs0744 0.07 0.00 0.07 macs1206 0.07 0.00 0.07 macs1720 0.07 0.00 0.07 macs1931 Figure 3 . Strong lensing error validation. We Monte Carlo the best fit lensing model 100 times. In the red is the posterior for the actual observations, and the blue histogram represents the best fit from each of the 10 Monte Carlo runs. We find that the two posteriors overlap such that the error estimates from lenstool for strong lensing are reasonable. Gaussian distribution with a width equal to the ellipticity dispersion of the sample, i.e.
where we have assumed that the ellipticity can be written as a complex number in the form = 1 + i 2, as produced from pyRRG, and the star denotes the complex conjugate. We also adopt the mass and concentration from the strong lensing as a Gaussian prior on the weak lensing mass reconstruction.
Ellipticity error validation
Harvey et al. (2017a) found that the error estimate from Lenstool on the cartesian position of a dark matter halo using strong gravitational was underestimated by a minimum of an order of magnitude. In order to quantify whether or not the error reported using the width of the posterior distribution well reflects the true error in the ellipticity we carry out two tests; one for the strong lensing observables and one for the weak lensing.
To do this we follow the same method as Harvey et al. (2017a) . We mock up ten simulations based on the true data. Using the source positions from the data (for both weak and strong lensing), we use the best fit mass model from the strong lensing reconstruction and project the sources to image positions to give a catalogue of weak and strong lensing image positions. In the case of the weak lensing we add noise through the random distribution of galaxy shapes, modelled macs1931 Figure 5 . The final results of the cluster reconstructions. We show the weak lensing, x-ray, strong lensing and BCG mass distribution in blue, red, green and yellow respectively. The mean radius of each mass component is shown as function of the virial radius. We multiple the BCG size by a factor of 10 for clarity. −0.05 0.00 Table 1 . The best-fitting values for each of the four probes. We show in the second column the estimated virial mass of cluster from strong lensing in units of 10 15 M . The following eight columns show the two components of ellipticity, 1 and 2 for the Bright Cluster Galaxy (BCG), the strong lensing (S), the weak lensing (W) and the X-ray (X) and the given statistical error in each case.
by a Gaussian, with a mean of zero and a width equal to that of the true cluster. For the strong lensing we randomly shift the position, with the shift drawn from a Gaussian with a zero mean and a width of 0.5 . We then reconstruct the mass distribution using Lenstool. We Monte Carlo each cluster 100 times for the weak lensing and 10 for the strong, since the strong lensing reconstructions take significantly longer to converge. Figure 3 and Figure 4 show the results of the strong and weak lensing reconstructions. Each row shows one component of ellipticity; e1 and e2. The red histogram is the posterior estimated by Lenstool to the observed data, the blue histogram shows the ensemble distribution of best fitting positions from the mock simulations. Both have been shifted to zero (although in practice they have non-zero ellipticities). We find that the width of the distribution of ellipticities from the simulations closely follow the estimated posterior from the actual data. This implies that the error estimates are accurate.
RESULTS
We carry out the strong and weak lensing mass reconstruction for the eight relaxed galaxy clusters. We show pictorially, the best fit models in Figure 5 . We show in blue, red, green and yellow the weak lensing, the X-ray, the stronglensing and the BCG shape with their sizes normalised to the strong lensing estimate of the cluster virial radius. We have increased the size of the BCG by a factor of 10 for clarity. The corresponding quantitive values can be found in Table 1 . Figure 6 shows the correlations between each probe for each cluster, we also calculate the Pearson correlation coef-ficient (PCC),
where, i corresponds to either 1 or 2. We show the coefficients in Table 2 . We find that unlike Umetsu et al. (2018) , there is no correlation between the weak lensing and the X-ray, and in-fact, there is some evidence for an anticorrelation, with 2 showing a P CC = −0.46. We find the strongest correlation between the strong lensing and the BCG shape with a P CC = 0.83 and P CC = 0.82 for the two components of ellipticity. Moreover, the BCG and X-ray have an apparent correlation, with P CC = 0.50 and P CC = 0.87 for 1 and 2. We also find that the strong and weak lensing have a no 1 correlation (P CC = 0.04), however appear to have an 2 anticorrelation (P CC = −0.72) however with such a small sample this is not significant. Similarly the weak lensing has a 7 DISCUSSION AND CONCLUSIONS
We have carried out an investigation in to the shape of eight dynamically relaxed galaxy clusters using a combination the Hubble Space Telescope (HST) and the Chandra X-ray Observatory (CXO). Using a combination of Brightest Cluster Galaxy, strong gravitational lensing, X-ray emission and Weak gravitational lensing, we have measured the two components of ellipticity, 1 and 2 at varying radii probing different physical mechanism of a galaxy cluster.
We found the shape of the inner regions of the cluster The correlations between the different mass components. We show e 1 (e 2 ) on the left (right) panel. Each coloured point gives a different cluster given by the legend. We show the one to one correlation in dashed black line, and the fitted correlation in blue dashed line. We show the total histogram of each component on the diagonal of each panel. are strongly coupled with the BCG shape correlated with both the X-ray isophote and the strong lensing region. This implies some fundamental physics that is connecting these probes. However, we do not find any evidence for a correlation between the shape of the weak lensing regime and the inner region probes, suggesting that any coupling between these scales is weak. We consider these findings in the context of Umetsu et al. (2018) who found a correlation between the weak lensing and the X-ray where we find no such correlation. We note here two key issues when comparing our findings with that of Umetsu et al. (2018) . The first, and foremost, we remove all merging clusters or clusters that show any sign of dynamical activity in the X-ray. We therefore have a very different sample removing sub-structures that will affect the weak lensing and X-ray shape (which would have an obvious physical correlation), and secondly due to this cut we also have significantly less clusters and hence our findings are statistically weaker. Finally, we publicly release our shape measurement code pyRRG. Available to directly install from PyPi via https: //pypi.org/project/pyRRG/, this Python3.7 code based of Rhodes et al. (2000) is specifically designed for HST shape measurement. It is fitted with an automated star-galaxy classifier and outputs scientifically useful products such as catalogues for the mass reconstruction code Lenstool. For more see https://github.com/davidharvey1986/pyRRG. This paper has been typeset from a T E X/ L A T E X file prepared by the author.
